An urgent demand of assessing passengers' exposure risks in airliner cabins was raised as commercial airliners are one of the major media that carrying and transmitting infectious disease worldwide. In this study, simulations were conducted using a Boeing 737 cabin model to study the transport characteristics of airborne droplets and the associated infection risks of passengers. The numerical results of the airflow field were firstly compared against the experimental data in the literature to validate the reliability of the simulations. Airborne droplets were assumed to be released by passengers through coughing and their transport characteristics were modelled using the Lagrangian approach. Numerical results found that the particle travel distance was very sensitive to the release locations, and the impact was more significant along the longitudinal and horizontal directions. Particles released by passengers sitting next to the windows could travel much further than the others. A quantifiable approach was then applied to assess the individual infection risks of passengers. The key particle transport information such as the particle residence time yielded from the Lagrangian tracking process was extracted and integrated into the WellsRiley equation to estimate the risks of infection. Compared to the Eulerian-based approach, the Lagrangian-based approach presented in this study is more robust as it addresses both the particle concentration and particle residence time in the breathing zone of every individual passenger.
Introduction
After experiencing the fastest growth of passenger numbers in the past decade, there were more than 3.5 billion people traveling by air in 2015 and the number was forecasted to be more than doubled (7.4 billion) in 20 years [1] . Since the average occupancy of commercial flights was very high last year (around 80%) and is still increasing [2] , the inflight conditions, such as air quality, thermal comfort and disease transmission risks have been drawing increasing attentions. Among these concerns, the transmission of airborne diseases is now in the spotlight, after the lessons taught from the global outbreaks of Tuberculosis (TB), Severe Acute Respiratory Syndrome (SARS) and Swine Influenza (H1N1) [3] .
To study the air quality and disease transmission in airliner cabins, a number of important affecting factors have been identified, such as human thermal plume [4] and passenger movements [5] . Among various types of contaminants found in airliner cabins, the infectious saliva/phlegm droplets released through coughing or sneezing has been emphasised in many epidemiology reports [6, 7] . During the flight, since the passengers are sitting densely in a limited and enclosed space and unable to leave, diseases containing infectious pathogens (such as influenza and tuberculosis) released by index patients through coughing or sneezing would cause direct person-to-person infections [8] . Furthermore, the transmission of airborne diseases in airliner cabins revealed very strong non-linear characteristics in the investigations of several SARS infection cases in 2003 [9] , in which the relative locations of the infected passengers to the index patient were found very randomly distributed in the cabins. Therefore, as the perniciousness of the saliva/phlegm droplets has been widely raised, the knowledge of their transport behaviours in the cabin environment is crucial for precise predictions of the infection risks of every individual passenger.
To effectively assess the individual infection risk, epidemiology studies [10] in indoor spaces reported that two essential components are required: the intake dose of the infected person and the probability of infection under the estimated intake dose. A number of infection risk assessment models (e.g. the Von forester model [11] and the competing-risks model [12] ) were thereupon developed. Despite the diversity of the mathematical functions, infection risk assessment models can be summarised into two categories: deterministic models and stochastic models [13] . The deterministic models emphasised on the inherent tolerance dose of infectious person and infection only occur when the intake dose of pathogens equivalent to or exceeding the tolerance dose, while the stochastic model mainly estimates the probability of acquiring the infection under the intake dose. Among various models, the WellsRiley equation developed by Riley et al. [14] based on Wells' concept of "quantum of infection" [15] , was widely used as the mathematical models in existing epidemic modeling [8, 16] , due to its universal applicability. In the Wells-Riley equation, the required threshold number of infectious airborne particles to cause infection can be defined as a quantum. Escombe et al. [8] employed the Wells-Riley equation to predict the infection risks of tuberculosis under ventilated rooms in eight hospitals. The "quantum" concept was used to describe the "infectious dose" for tuberculosis in their investigation, which directly widen the applicable range of this model. The Wells-Riley infection risk assessment model offers a quick and flexible approach to assess the infection risks of different airborne diseases, which has been employed in a number of indoor space studies on infectious risks [17] and diseases transmission (e.g. tuberculosis transmission [18, 19] ). However, although commercial airliners had been determined as the major media carrying and transmitting the SARS worldwide in 2003 [7] , very few existing studies were conducted with attempts to predict the inflight infection risks of each passengers, due to the inherent complexity and particularity of the cabin environment.
When assessing the exposure dose related health risks in the cabin environment, existing studies mostly relied on the Eulerianbased concentration distribution of the droplets, to identify the high health hazard regions [20] . It is undoubtedly that the Eulerianbased approach can provide very fast 3D predictions of the contaminants concentration distribution, which is an important parameter when assessing the health risks because passengers sitting inside the high-concentration regions would usually have higher health risks. A most recent study conducted by You et al. [21] employed the aforementioned Wells-Riley equation in conjunction with the Eulerian model to investigate the effect of the gaspers on the passengers' exposure risks in a half-row cabin section. The Wells-Riley method was combined with the two-phase flow model when assessing the exposure risks in the cabin environment. In order to fit the Wells-Riley equation to the Eulerian model, they assumed that the exposure time was the same as the flight duration. However, the actual exposure time could be much less than the flight duration due to the cabin ventilation and is significantly different to every individual passenger, depending on the relative location to the index patient. The exposure time length in the Wells-Riley equation could be a critical parameter affecting the infection risks. Beyond that, the particulate phase is assumed to be a continuum in the Eulerian framework, which directly leads to the loss of some critical information, such as the time of particle residence in a given domain. This shortage makes the Eulerian model physically untrue when assessing the infection risks, since the infectious pathogens are always released in conjunction with the droplets or particles and they are sharing the similar transport characteristics. Alternatively, the Lagrangian particle tracking model was also utilised in several numerical studies [22, 23] due to its unique advantage in source-to-destination tracing of particle movement. Initial conditions of the released droplets/particles were also carefully in the existing studies. Gupta et al. [23] numerically investigated the distribution of contaminants released through different behaviour (i.e. coughing, breathing and talking). They concluded that contaminants released by coughing of the index patient behaved similar as those from breathing, but the number is much higher. Chao et al. [24] concluded that the geometric mean diameter of contaminants from coughing was 13.5 mm with average release speed of 11.7 m/s. Although studies on initial conditions of the released particles are accumulating in the existing literature, investigations on the other key parameters (i.e. particle traveling distance and particle traveling time) were still inadequate in the cabin environment. Also, when providing detailed 3D characterised trajectories of the released particles, the Lagrangian model requires significantly high computational resources to track them. To save the computational cost, many studies [25, 26] used a reduced size of cabin section (3 rows or less) with unrealistic passenger models to imitate the cabin environment. Thus, the contaminants transport was significantly constrained by the computational domain and thereby the travel distance and time of contaminants could be misleading. Since airborne respiratory pathogens must reach the target infection site of the receptor to commence the infection, accurate predictions of the traveling distance and time of the infectious pathogens are crucial. Thus, it is necessary to apply an extended cabin section with adequate space and realistic passenger models with proper body features when assessing the transmission of airborne diseases. As a good start, Gupta et al. [23] numerically investigated the transport of exhaled droplets in an extended seven-row cabin section. Their study provided detailed investigations on the droplets transport when the droplets were exhaled through coughing, breathing and talking. They found that the evaporation process happens very quickly (less than 0.3 s) and could be even faster with smaller particles. Since their study focused on the single exhalation behaviour of a passenger with evaporation process, the simulation was extremely time consuming even after applying over-simplified manikin models. They also recommended other researchers to focus more on the effect of index passenger location on the expiratory droplet transport in the airliner cabins and to develop a quantifiable approach to assess infection risks. Later on, Gupta et al. [27] further assessed the risk of influenza transport in the seven-row cabin with an index patient on board. They thoroughly introduced two approaches (i.e. the deterministic and probabilistic approaches) to calculate the influenza risk. The aforementioned Wells-Riley equation was employed in the probabilistic approach in their study to estimate the probability of influenza infection, which revealed a promising direction of assessing infection risks in airliner cabins. Their study was conducted under a twin-aisle cabin and they suggested further evaluations in relation to the passenger infection risks under different cabin layout and configuration. Since the focus in Gupta et al.'s [27] study were the exploration and investigation of these two approaches, the diversity and thoroughness of the results that can be yielded by these approaches were unavoidably overlooked. Despite that, their studies have laid a pivotal foundation of assessing infections risks using a combined computational fluid dynamics (CFD) approach and the risk assessment model, although the passenger models were over-simplified as combination of regular blocks due to the extreme high computational cost on simulating contaminants transport in a seven-row cabin.
Therefore, with the awareness of using CFD related infection risks model has been established [8, 27] and the increasing attentions of passenger infection risks in airliner cabins have been drawn [23] , this study further and carefully evaluated the infection risks of every individual passenger in a single-aisle airliner cabin section and contributed a systematic approach to analyse the infection risks in cabin environments using a validated CFD model in conjunction with the quantifiable risk assessment model. A sevenrow cabin model based on the Boeing 737 was utilised in conjunction with 42 validated manikin models to imitate a more realistic cabin environment. Particulate contaminants were released through coughing by different passengers and tracked using the Lagrangian tracking model. The concentration distribution of contaminants was obtained by converting the particle trajectories using the so called particle source in cell (PSI-C) method [28] . A quantifiable approach based on the Wells-Riley equation [13] in conjunction with the Lagrangian model was applied to assess the infection risks in every passenger's breathing zone. Diverse outcomes including both the transport trajectories and concentration distribution of the released contaminants, and the quantified infection risks of each passenger were yielded from this study and thereby added important information to the current database in the literature in relation to the infection risks in the airliner cabins. Also, important parameters such as threshold number of infectious pathogens and the number of index patients are considered and controllable by this approach, which built an important guidance for further investigations of different diseases not only in the airliner cabins, but other densely occupied environments (e.g. high-speed rail and metro).
Method

Computational models
As one of the widely served medium-size commercial aircrafts during the SARS outbreak in 2003 [7] , Boeing 737-200 was referred as the prototype aircraft to develop the CFD cabin model and study disease transmission. A seven-row economy cabin section was numerically constructed with dimensions of 3.82 m Â 2.15 m Â 5.86 m (W Â H Â L), as illustrated in Fig. 1 , which contains 42 fully occupied passengers with 3-3 seat arrangement. The ventilation inlets and outlets were located at the upper and lower sides of the cabin walls, respectively. In terms of the computational thermal manikin (CTM) models, our previous study reviewed that proper body features of the manikin models are crucial for balancing the computational cost and accuracy [29] . Thus, the simplified and validated CTM from our previous work was employed in this study as the passenger model, as shown in Fig. 2 . The information of the original 3D scanned model is available in the open database (http://www.ie.dtu.dk/manikin). Through contracting the pairs of triangle vertices, the key body features of the simplified manikin models were still retained, while the mesh elements required on the manikin surface were significantly reduced (over 50%) without noticeable computational errors [30] .
The whole cabin domain including manikins and seats was discretised using unstructured mesh. To achieve accurate prediction of the airflow field in the vicinity of the manikins, grid size was locally refined in passengers' micro-environment and 10 inflation layers with initial height of 1 mm were added on the manikin surfaces to capture the gradient change of velocity, temperature, etc. Four sets of mesh configurations were applied and tested prior to adding the contaminants, which required the total mesh elements of 6 million, 8 million, 11 million and 14 million, respectively. To achieve the mesh independence, all cases were firstly compared in terms of the mesh quality and grid convergence index (GCI) [31] . The results indicated that after reaching 11 million of the mesh elements, further refinement of mesh did not produce significant improvement on the mesh quality and the GCI for finer grid (14 million) solution was less than 3%. The velocity predictions at different positions across the whole cabin domain were compared using the tested mesh configurations, as shown in Fig. 3 . Through the comparison, no considerable deviation on the velocity field was noticed after mesh elements were increased from 11 million to 14 million. Therefore, mesh configuration with 11 million mesh elements was adopted for the subsequent simulations.
Boundary conditions and numerical setup
The ventilation rate at the inlets was set based on the American Society of Heating, Refrigerating and Air-Condition Engineers (ASHARE) aviation standard [32] . To mimic the worst case scenario, the minimum air supply of 9.4 L/s per person [32] was considered, which was in equivalent to the air mass flow rate of 0.04 kg/s at 20 C inlet air temperature. Since passengers are the main heat source in the cabin, a convective heat load of 35.6 W was applied at each manikin, which was consistent with the existing literature [33] and our previous study [29] . The front and back planes of the cabin section were assumed as translational periodicity, which added the periodic characteristics to the airflow and particles leaving and re-entering through the set planes. Other solid walls, such as the floor, ceiling and seats were considered as adiabatic.
In terms of the disease transmission, contaminants were assumed to be released as sputum droplets through coughing. Although droplets released by a human cough are distributed in a wide size range (0.5e1000 mm), over 90% of them are fine droplets smaller than 30 mm [24] . The vast majority of the droplets then quickly evaporate and reach their equilibrium diameters less than 0.3 s [23, 34] in indoor spaces. The evaporation process was no considered in this study because the airliner cabin is well-known as a low-humidity environment with relative humidity under 20% [35] , the droplets would form to nuclei much quicker than other indoor environments. The equilibrium diameter of a droplet is roughly 26% of its initial size [36] . This means over 90% of the droplet nuclei are smaller than 7.8 mm. For particles with such small sizes (0.1e7.8 mm), their movement and deposition are mechanistically controlled by the air turbulence and do not present any detectable difference. Therefore, this study used a representative average particle diameter of 3.5 mm according to the existing studies by Gupta et al. [23] and Redrow et al. [34] .
The Lagrangian particle tracking model was employed to continuously trace the particle motions through the cabin domain, while particles were released by coughing to provide sufficient trajectories in the seven-row cabin section. The number of particles was tested prior to the case studies, as shown in Fig. 4 . 10,000 particles were found as the sufficient number to achieve consistent contaminants concentration. To consider the seating locations effects of the index patient, six representative cases were presented, in which every individual passenger (from A to F) sitting at the fourth row was successively assumed as the index patient in each case.
Mathematical models
The cabin airflow field was solved using the incompressible Navier-Stokes (N-S) equation, while the thermal buoyancy flow induced by the passengers' body heat was considered through the Buossinesq approximation. For micro particle transport in the continuous air, the Lagrangian approach was employed to track the particle movement based on the equation of motion. Significant forces including the drag force F ! D , the buoyance force F ! Bouy and the virtual mass force F ! V :M: were considered and expressed in Eqs. (2)e(4).
According to the report from existing literature [37] , typical cabin environment has relatively low velocity and high turbulence, which means the main source that leads to the dispersion of the aerosol particles is the fluctuating component of the airflow. Thus, Fig. 2 . Original 3D scanned manikin (left); simplified manikin using mesh-decimating approach (right). 
where U is the mean air velocity and U 0 is the fluctuating eddy velocity.
In each eddy, the fluctuating eddy velocity can be varied by the lifetime t e and the length L e of the eddy. The impact of the fluctuating eddy velocity on the particles is only valid when the following two conditions are met. Firstly, the interaction time between the entering particle and the eddy is shorter than the eddy lifetime. Secondly, the relative displacement of the particle to the eddy is less than the eddy length. If not, the fluctuating eddy velocity in this eddy is not considered and the particle is assumed to be directly entering into the next eddy with new lifetime, length and thereby the new fluctuating velocity [38] . 
where f is a normal distributed random number which accounts the randomness of turbulence by a mean value. k and 3 are the local turbulent kinetic energy and dissipation, respectively. C m is the turbulent constant. The N-S equations and particle tracking models were solved by CFX 16.2 [39] . Steady computations of airflow and contaminants fields were conducted in conjunction with the RNG k-3 model for the air turbulence due to its successful application in modeling indoor airflow and pollutant transport [20, 37] . Particles are assumed to be fully deposited when hitting the floors, seats and cabin walls, due to the factor that the materials applied on these boundaries in real cabins are high absorption materials (wool or nylon carpet, leather upholstery, fabric, etc.).
Risk assessment
Trajectory tracking of particles using the Lagrangian approach would provide very detailed and visualised transport history of the particles, which could give an idea of the possible deposition locations. However, it is insufficient to understand disease transmission only based on the transport characteristics of the particles. Concentration and distribution of particles are also essentially required to estimate the high risk regions. Since the Lagrangian approach only predicts the particle trajectories, the particle concentration was calculated based on the so-called particle source in cell (PSI-C) method [28] using Mathematica. The cabin domain containing the history of the particle trajectories was firstly discretised again using a number of control volumes (cells) and then the local particle concentration in a control cell was estimated based on the particle residence time, as expressed in Equ. (9),
where C j is the local particle concentration in the jth cell and V j is the volume of that cell. M is the mass flow rate represented by a particle trajectory and dtði; jÞ is the residence time of the ith particle in the jth cell. The Wells-Riley's equation [13] was utilised in conjunction with the CFD predictions to assess the infection risks of passengers.
where, P I is the probability of infection, I is the number of infectors, which equals to 1 for single index patient case. q is the quanta generation rate. For worst case scenario of infectious disease transmission (e.g. tuberculosis), q ¼ a unity infectivity term Â number of quanta/unit time, in which passengers were assumed to be very vulnerable to pathogen. A unity infectivity term delineates that one quantum is equal to one infectious particle/ pathogen [13] , which makes the model deterministic. p and t are passenger breathing rate and the exposure time interval, respectively.
Results and discussion
Airflow field and model validation
The expiermental data of airflow field by Li et al. [40] was firstly selected for model validation. In their study, a seven-row aircraft cabin mock-up was built inside a thermostatic chamber with seated thermal manikins to mimic the cabin environment of Boeing 737- 200. The global airflow distribution and local velocity profiles were measured using large-scale 2D particle image velocimetry (PIV) technic. Their high resolution PIV measurements from both publication and supplementary materials provided very detailed data for validations. The velocity vectors measured at the fourth row of the cabin section (in front of the passengers) was selected and compared between the experimental measurements [40] and our numerical predictions, as illustrated in Fig. 5 . The velocity vectors predicted in this study yielded very similar airflow directions and distributions to the experimental results in most of the regions on this selected plane. It was noticable that the PIV measurements only cover the main region of this plane, while some of the spaces under the seats and between the roof racks were not included due to the limitation of experimental setups. Slight deviations were found at the corresponding edges of the PIV measurements, such as the airflow direction near the ground level. Despite some local deviations, both experimental measurements and numerical predictions captured the same airflow pattern of the compared plane that two main circulations were formed after airflow injecting from the inlets and interacting at the aisle region.
To quantitatively compare the airflow field, the predicted velocity profiles were further compared against the experimental data along 7 vertical lines, as shown in Fig. 6 . All vertical lines were extracted from the same plane given in Fig. 5 . The position and length of these lines were remained the same as those in Li et al.'s [40] experimental setup. In their study, arms of all manikin models were removed for the purpose of fitting experimental equipments, whilst the manikin models used in this study contained comprehensive body segments with full body features. The geometric difference of the applied manikin models could affect the predictions on the regions very close to the manikin body. Although deviations were noticable at some local sample points due to the Fig. 6 . Comparison of velocity profiles between numerical predictions and experimental measurements [40] at selected lines. manikin model difference, the overall numerical predictions were very close to the experimental data, especially at the airsle region (Line 4) where the affect of manikins were minimised, the predicted velocity profiles agreed very well with the experimental measurements.
Since the airflow re-circulation exists at the entire cabin domain, it is important to assess whether the airflow patterns are regular at various cabin cross-sections (i.e. at different rows). The predicted airflow distributions were thereby compared along multiple cross-sections across the whole cabin domain. Four representative planes placed in front of passengers sitting at 1st row, 3rd row, 5th row and 7th row, respectively, were selected to demonstrate the results in Fig. 7 . The predicted results revealed that the airflow pattern is not entirely symmetrical along the horizontal direction (left to right), since the downward airflow was fluctuating unsteadily at the aisle regions. Similar asymmetric airflow field was also experimentally observed by Li et al.'s [40] in a cabin mock-up, which was believed to be induced by the random turbulent fluctuations of airflow in the cabin and the impact of the turbulent fluctuations was significantly enlarged with the increase length of cabin domain along the longitudinal direction. Therefore, to accurately investigate the contaminants transport which is mainly dominated by the airflow field, it is necessary to conduct investigations under a considerable large cabin domain.
Particle transport and case study
The particulate contaminants were assumed to be released through coughing by passengers to imitate the release of infectious diseases. In this study, a uniform droplet nuclei diameter of 3.5 mm was selected according to the study by Redrow et al. [34] . Since particles with diameter of 3.5 mm would be mainly dominated by the ventilated airflow inside the cabin and the local airflow profiles were found very different in front of different passengers, as can be noticed in Fig. 6 , the particle transport was expected to be very sensitive to the release location (the siting location of the index patient). Therefore, in order to include the effect of index patient sitting locations, 42 computational cases were accomplished in this study, in which each passenger was considered as the sole index patient in one case study. Among all the cases, six representative cases were selected and presented to illustrate the particle transport and distribution characteristics. In these six cases, passengers sitting at row-4 were considered as the sole index patient successively, which allows the same longitude droplet travel distance range behind and in front of them, as described in Fig. 8 . Fig. 9 illustrated the predicted particle transport after exhalation under different cases, in which particles were released through coughing by one of the passenger sitting at row 4 in each case. Through investigating the particle trajectories, it is noticeable that when the particles were released by passengers sitting at different locations, their transport characteristics were completely different. For passenger A and F, who were sitting just under the inlet air jet and above the outlet, the airflow velocity was relatively low at that region and was mainly dominated by passengers' thermal plume. Since the thermal plume effect was significant in the cabin environment, in which passengers are sitting very close to each other, particles released by passenger A and F were quickly entrained up by the buoyancy driven thermal plume. Once particles were lifted high enough, it joined the main flow stream and then was completely dominated by the inject airflow. Therefore, the contaminants released by passenger A and F would travel much further and faster than the others due to the interaction with the ventilation jet. On the other hand, particulate contaminants released by passengers sitting closer to the aisle (B, C, D and E) travelled much slower and mainly suspended in front of the index patient and the neighbours. Since these passengers were sitting at the centre of the airflow re-circulation regions, the contaminants were mainly driven by the recirculating airflow. As a result, these particles would stay longer in passengers' breathing zone. Contaminants seem to be locked inside the passengers' breathing zone and hardly to be able to escape.
In order to quantify the difference of particle trajectories noticed in Fig. 9 , the travel distance of released particles by different passengers were carefully compared along the three coordinate directions (i.e. longitudinal, horizontal and vertical directions) and the results were plotted against the travel time, as illustrated in Fig. 10 . Every symbol plotted in Fig. 10 represents the individual particle trajectory released by the index patient and different case studies were distinguished using different colour and shape of the symbols. The overall particle transport characteristics can be quickly compared using the fitted curves. It can be noticed that contaminants released by passenger A and F travelled much faster than the other cases at the first ten seconds along all directions. Although the travel direction was opposite between particles released by passenger A and F, the particle travel distances were very close between these two cases, which means the particle transport characteristics were similar when passengers sitting at sides of the cabin were coughing. It also can be noticed that when passengers sitting at the aisle seats (Passengers C and D) were coughing, particles experienced the shortest travel distance, especially along the horizontal direction (Fig. 10b ). This finding revealed that when aisle seats passengers were releasing harmful contaminants, the contaminants would be locked at themselves' and their adjacent passengers' breathing zones for very long time (more than 20 s in cases 3 and 4) under the particular ventilation scheme. This lock-up phenomenon in passengers' breathing zone could directly increase the exposure risk of passengers. Once harmful contaminants from other sources enter this lock-up region, the contaminants would not be able to leave the breathing zone easily due to the re-circulation and would eventually cause uncomfortableness or even serious health issues.
Infection risk assessment
To assess the infection risk of passengers in cabin environment, the concentration of exhaled particles was firstly required to estimate the high-risk regions. The PSI-C method was referred to convert the particle trajectories into the concentration distribution using Mathematica. For each case, particle concentrations were firstly extracted along 30 cut planes (XZ-plane) at various heights inside the breathing zone and integrated into one normalised plane. All the normalised concentration distributions of particles yielded from six cases as aforementioned were demonstrated in Fig. 11 . It can be clearly observed that when different index patients were releasing contaminants, the particles were mostly concentrated at the same side of the cabin without traveling further across the aisle. The reason could be that the couple of large recirculations (shown in Fig. 7 ) split the airflow into two main domains (left and right), while passengers were mostly sitting at the centre of the re-circulations where the fresh air was not sufficient. The regions of higher risks can be easily and phenomenologically estimated through the concentration distribution in Fig. 11 . For instance, when passengers B and E were releasing contaminants, normalised concentration distribution revealed that particles were highly concentrated around the passengers sitting nearby. However, if the particles after release were quickly brought away by the injected airflow (i.e. case 1) due to the release position, they would travel much quicker and further, while the concentration distribution would be less significant. Under this circumstance, it would be very challenging only relying on the concentration distribution to identify the high infection risk regions. Therefore, it is necessary to seek an alternative approach to quantifiably assess the infection risk for each individual passenger.
To achieve a quantifiable assessment of infection risks of each passenger, analysing the particle transport and distribution in passenger's breathing zone is crucial. According to the Australia Work Safety Standard [41] , the breathing zone of each passenger was defined as a hemisphere of 300 mm radius extending in front of the face and the centre of the hemisphere was measured from the midpoint of the joining line between the ears. Detailed particle transport data (particle residence time, travel distance and etc.) in each passenger's breathing zone was firstly extracted and then the infection risks were calculated and assessed based on the WellsRiley equation (Equ. 10). One index patient was included at various locations for each case. Other passengers were assumed to be very vulnerable to pathogen, which set the quanta generate rate as a unity infectivity term multiply the number of quanta/unit time. Passengers' breathing rate was carefully set based on the ASHARE standard [32] , while the average particle residence time in the breathing zone was considered as the exposure time interval.
The assessed infection risks in each passenger's breathing zone under different case were illustrated in Fig. 12 , in which the probability of infection was ranged from 0 to 1. The increase of the infection risks in passengers' breathing zones could be directly reflected on the growth of the normalised figure, as well as on the change of colour from dark to light. The results shown in Fig. 12 revealed that passengers sitting within 3e4 rows to the index patient would have very high chance to be infected in most cases. For case 2e5, extremely high infection risks were found in passengers' breathing zones who were sitting adjacent to the index patient (same row and the next row). On the other hand, since the released particles were quickly suppressed and carried by the inject airflow in case 1, high infection risks were found a few rows behind the index patient. This finding indicated that passengers sitting far away from the index patient could also have high infection risks, although the particle concentration outside the breathing zone may not be significant. Once the passengers with high infection risks were identified, further evaluations can be conducted only in these passengers' breathing zones, which would significantly accelerate the analysis and improve the efficiency. For example, in case 1, as passengers sitting at the left side of rows 6 and 7 were found with high infection risks, the particle transport and distribution in their breathing zones can be further investigated in details, as demonstrated in Fig. 13 . The results given in Fig. 13 offered one approach to investigate the particle transport and distribution in the breathing zone by using light colour indicating high concentration of particles. More detailed investigations inside passengers' breathing zone in relation to the particle transport and distribution is required in the future study, since the breathing zone is still a considerable large space when passengers are sitting very close to each other under multi-occupied cabin environment, although it is already significantly smaller comparing to the overall domain of the airliner cabin.
Conclusion
This study employed a seven-row cabin model based on Boeing 737 to investigate the airflow and particle transport characteristics in the cabin environments, followed by the assessment of inflight infection risks. 3D characterised particle transport trajectories were provided and discussed in conjunction with the comparison of particle travel distances among six cases. The PSI-C method was used in this study to convert particle trajectories into concentration, while the infection risks of passengers were assessed using a quantifiable approach. The conclusions arising from this study are the follows:
(1) Particle travel distance was found to be very sensitive to the release locations (i.e. released by passengers sitting at various locations), while the impact was more significant along the longitudinal and horizontal directions. Particles released by passengers sitting at the window seats would travel much further than the others. When passengers sitting closer to the aisle were coughing, particles would suspend longer in the index patient's breathing zone, as well as the adjacent passengers. (2) A quantifiable approach based on the Wells-Riley equation was applied in this study to assess the infection risks of inflight passengers. The approach is robust as it focuses on the exposure risks in the breathing zone of every individual passenger rather than the overall spaces. More importantly, this approach is capable of providing a fast and direct assessment of the infection risks with normalised results. When an index patient is found in the airliner cabin, the probability of infection of the rest passengers will be quickly and accurately assessed using this approach.
Also, an unsteady characteristic of the airflow pattern at the aisle region was noticed from this study, while a long cabin section was found to be necessary to capture this unsteady flow behaviour. This finding indicated that the size of the cabin section also plays an important role on when conducting simulations in cabin environment, whilst this factor was mostly compromised in existing study due to the high computational cost.
Overall, this study provided a systematic approach through not only combining the Wells-Riley equation in conjunction with the Lagrangian model in CFD, but also providing detailed and comprehensive analysis on the infection risks of every passenger. The ultimate intention of this study is to provide a systematic CFD approach in conjunction with the risk assessment model so that qualitative and quantifiable predictions and evaluations of infection risks would be achieved within a reasonable time of period (within a week). This would effectively help preventing further spread of the disease when index patient is determined.
